We propose a framework for identifying discrete behavioural types in experimental data.We re-analyse data from six previous studies of public goods voluntary contributions games. Using hierarchical clustering analysis, we construct a typology of behaviour based on a similarity measure between strategies. We identify four clearly distinct behavioural types, which together account for about 90% of participants. Compared to previous approaches, our method produces a classification in which different types are more clearly distinguished in terms of strategic behaviour and the resulting economic implications. 
Introduction
The heterogeneity in decision-making behaviour observed in both field settings and their laboratory counterparts is by turns a great joy and a great frustration to practitioners of behavioural 1 economics. The richness in the variety of individual behaviour is evidence that people are indeed different, and approach the same economic decision-making task in a variety of ways. However, a parsimonious, practical, and tractable economic model should capture the commonalities in behaviour. Extracting those commonalities from the embarrassment of riches offered by the data is an important challenge in the development of behavioural economics and game theory.
One way forward is to posit a set of distinct behavioural types, which we refer to as a typology, in which the number of types is small. In this paper we will focus on the case of public goods voluntary contribution games (VCGs), for which Fischbacher et al. (2001) have proposed one such typology, which groups participants into four types. We choose this as an interesting setting because the P-experiment protocol introduced by Fischbacher et al., based on the linear VCG (Ledyard, 1997) , has been employed as a standard methodology by many studies conducted in various languages and locations. (Kocher et al., 2008) We note that the idea of a discrete typology is not restricted to these games; for example, the successful level-k framework introduced by Stahl and Wilson (1995) likewise features a small number of types. The analysis we conduct in this paper benefits from being able to re-use data from a number of studies using a sufficiently similar protocol.
Not all heterogeneity seems to be summarised well by a discrete typology. For example, in Tullock contests the average bids of participants tend to spread out over an interval. (Chowdhury et al., 2014) For a discrete typology to be a fair representation of the data, it is desirable that the behaviour of two participants classified as different types should be sufficiently distinct, and that it should be clear where to draw the boundaries between different types.
We propose the use of hierarchical cluster analysis as a framework for determining whether it is possible to satisfy these desiderata, and further for guiding how many types to include in a typology. Using the data from six previous studies using the P-experiment protocol, we divide participants into five types. Each type exhibits a strategically distinct behavioural pattern, with implications for the performance of the voluntary contributions mechanism.
Two types in the typology of Fischbacher et al. map closely onto types in our typology. Both methods identify a type which contributes zero or a nominal amount to the public good in most contingencies; zero contribution is the dominant strategy that maximises a participant's own earnings. Another type, which we term strong conditional cooperators, is anchored around participants who match, on a one-for-one basis, the average contribution of the other participants in their group.
The main distinction between the typologies is that ours identifies a distinct mode of conditional cooperation, which we label weak conditional cooperators. These participants respond to higher contributions by others in their group by increasing their contributions, but at a rate less than one-for-one. We illustrate, using silhouette analysis (Rousseeuw, 1987) , that drawing this distinction among conditional cooperators creates types which are much more cohesive. Participants classified as strong conditional cooperators also make generally higher unconditional contributions than those classified as weak conditional cooperators. This suggests that the underpinnings of the behaviour of weak conditional cooperators may be distinct from those of strong conditional cooperators. In letting the data speak for itself, unsupervised classification approaches can identify distinct modes of behaviour unanticipated a priori by either theorists or experimenters.
The game
The experiments used in our analysis involve one-shot interaction among participants in a VCG game. Participants are anonymously placed into groups with M members. Each participant receives G tokens. She can allocate any number of tokens between 0 and G to a group account; tokens not allocated to the group account are kept in her private account. We refer to the tokens allocated to the group account as her contribution. The participant receives a point for each token kept in her private account. Each token contributed to the group account yields P > 1 points, which are then split equally among the group members. The parameters P and M are chosen so that the marginal per-capita return (MPCR), P/M , is less than one. With these parameters, a participant who cares only about maximising her own earnings has a strictly dominant strategy, which is to contribute no tokens. In contrast, the strategy profile that maximises total earnings of the group is for each member to contribute all G tokens.
In the P-experiment protocol, contributions are made in two stages. In Stage 1, M − 1 of a group's members make their contributions. The remaining member of the group learns the average contribution of other group members, and then decides on her contribution. A participant does not know whether she will make her contribution in Stage 1 or Stage 2, nor, if she is to be the Stage 2 contributor, what the average contribution of the other members in Stage 1 will turn out to be. Decisions are therefore elicited using the strategy method (Selten, 1967 1 In the P-experiment protocol, the average contribution of other group members is rounded to the nearest integer.
Typologies
Let N denote the set of participants, and C = {(i, c i )} i∈N be the set of all participants paired with their contribution strategies. 2 We define a typology T as a partition of C into equivalence classes.
Each equivalence class is interpreted as a distinct behavioural type. We write T (i) as the type of participant i in typology T .
We propose a satisfactory typology should satisfy three (heuristic) criteria:
1. If two participants i and j are classified as the same type, T (i) = T (j), then their behaviour should be "similar."
2. If two participants are deemed different types, T (i) = T (j), then their behaviour should be sufficiently "dissimilar."
3. A typology should be useful in organising choices not used in the classification process. In the case of the P-experiment protocol, the Stage 1 unconditional choices u i are not used in the classification; if the Stage 2 choices are capturing qualitative differences in how participants approach the VCG, we would expect that Stage 1 choices will vary across at least some of the types.
The existing state-of-the-art in the literature is the typology based on Fischbacher et al. (2001) , which we will call T F . T F partitions participants into one of four types. These types are defined by rules which combine stereotypical behaviour and rules of thumb. As set by Fischbacher et al. these are
• Free-riders (FR) always maximise individual earnings by keeping all tokens in the private account, irrespective of the outcome of the first stage.
• • Others (OT) is the residual type, comprised of participants whose whose contribution strategies do not satisfy the criteria defining the other types.
Other studies have used modifications to these criteria. Fischbacher et al. (2012) define conditional cooperators as participants with a monotonic contribution pattern with at least one increase. Rustagi et al. (2010) split conditional cooperators based on the level of statistical significance of the correlation between own contributions and the contributions of other group members, in which strong conditional cooperators are those for whom Spearman's ρ is positive at significance level ≤ 0.001 and weak conditional cooperators are those for whom it is positive at significance level in (0.001, 0.05]. They classify a participant as a free-rider if at most one entry in the contribution strategy c i is positive. By adjusting the classification criteria, one can make the residual "other" group smaller, but with the possibility that a participant's contribution strategy might satisfy the criteria for more than one other type.
We construct a typology T H based on hierarchical cluster analysis. We operationalise the notion of (dis-)similarity between the contribution strategies c i of a participant i and c j of a participant
The distance between c i and c j is the expected difference between the Stage 2 contributions of participants i and j, if the average contribution g of other group members is chosen uniformly at random. Two contribution strategies separated by a smaller distance are considered more similar.
We use Ward's minimum variance method (Ward, 1963) to cluster subjects based on this distance measure.
3 This method does not pre-specify the number of clusters generated. For any C = 1, 2, . . . , |C|, Ward's method generates a typologyT H (C) which partitions C into exactly C groups. The partitionT H (C) is one that minimises the within-group variance among all possible partitions with exactly C groups. Operationally, these partitions are constructed recursively.
The partitionT H (C − 1) is generated fromT H (C) by combining together the two "most similar"
elements ofT H (C). This process corresponds with the first criterion, that participants who are classified as being of the same type should have similar behaviour.
To select the typology T H from among the candidates {T
, we use the Je(2)/Je(1) index. (Duda and Hart, 1973) Briefly, this index trades off (dis-)similarity within clusters and (dis-)similarity across clusters. This corresponds with the second criterion, as minimisation of this measure indicates more distinct clustering, that is, that participants who are classified as being of different types should have dissimilar behaviour.
Given a typology T , silhouette analysis (Rousseeuw, 1987 ) is a way of comparing within-type similarity and across-type dissimilarity. For any participant i, the average distance from participant i's contribution strategy to the contribution strategies of other participants of a given type t ∈ T is
For participant i, the distance to the "closest" type which is different from the type to which i is assigned is
The participant's silhouette index is then defined as
The silhouette index ranges from -1 to +1. Values greater than zero indicate that the members of i's type are closer, on average, than the members of the next closest type.
Results
We re-analyse the data from six VCG experiments using the P-experiment protocol, published between 2001 and 2016. We surveyed the literature for studies which met these criteria:
• P-experiment protocol already published in a peer-reviewed journal as of September 2016;
• Participants played the VCG game in groups of 4;
• Participants were endowed with 20 tokens;
• Marginal per capita return of the public good (MPCR) equal to 0.4 points per token.
We identified a total of 9 studies satisfying these criteria. We contacted the authors of these studies and were able to obtain data for 6 of the papers. 4 The experiments for which we obtained data were conducted in four different countries and four different languages, with a total of N = 551 participants.
5
[ In the case of the other 3 papers, we either received no response, or the authors were not able to find the data. 5 In Appendix B we compare the two typologies with three VCG experiments (Kocher et al., 2008; Frackenpohl et al., 2015; Burton-Chellew et al., 2016 ) which used different parameters or variations on the P-experiment protocol. The results produced by cluster analysis using those data are broadly consistent with the results we report here.
6
The classification proportions identified for each study, and for the population as a whole, are given in Table 1a for typology T F and Table 1b for typology T H . 6 The clusters in T H are derived endogenously from the data, and so for expositional purposes we attach to each a label, based on ex-post inspection, which captures the modal or stereotypical behaviour observed in the cluster. The inspirations for these type labels are heatmaps of contribution strategies assigned to each type, as shown in Figure 1a for T F and Figure 1b for T H . The heatmap for a type t is produced from the contribution strategies of all participants assigned to a type, by constructing the
..,20 . The frequencies of the ordered pairs in this set are used to generate the heatmap, with darker shades corresponding to higher frequencies. In all figures, unfilled diamonds indicate the average contribution of the type, conditional on the first stage outcome.
[ Figure 1 about here.]
We now introduce the types produced in T H via hierarchical clustering. Own-maximisers (OWN, 25.8% of participants), named because the modal allocation is zero, contribute very little to the group account in all contingencies. The modal behaviour among strong conditional cooperators (SCC, 38.8%) is to match average contributions token-for-token. The typology distinguishes SCC from weak conditional cooperators (WCC, 18.9%), who have contribution strategies that increase in the contributions of other group members on average about half as much as the other group members. There is a small, distinct group of unconditional cooperators (UNC, 4.7%), corresponding to contributions which are at or near full contribution to the group account. This labeling parallels that of Kurzban and Houser (2005) , where, in a repeated game, those whose always contribute more than the average of the others in their group are called (unconditional) "cooperators". The final cluster (11.8%) is labeled various (VAR), and contribute on average about one-half of the tokens. This group is the most diverse; in addition to a high frequency of contributions exactly equal to 10, there are also "negative conditional contributors" (Herrmann and Thöni, 2009 ) who decrease their contribution in response to higher contributions by others.
[ Table 2 about here.]
The relationship between the typologies T F and T H can be seen in Table 2 . Each cell contains the number of participants who are classified under T F into the column label type, and under T H into the row label type. Conditional cooperators in T F split primarily between strong and weak conditional cooperators in T H , while hump-shaped contributors are distributed across both conditional cooperator types and own-maximisers in T H . These observations combined with the heatmaps suggest that conditional cooperators and hump-shaped contributors under T F are not particularly cohesive types, in that they group dissimilar behaviours within the same "type".
6 The typology T F is generated by the procedure proposed in Fischbacher et al. (2001) as given above, and therefore differs slightly from the percentages quoted in the corresponding papers where the authors used a variant approach.
[Figure 2 about here.]
We evaluate the cohesion of the types generated by T H compared to T F using silhouette plots (Rousseeuw, 1987) in Figure 2 . The silhouette of a type t is generated by sorting members of t in decreasing order by their silhouette index s(i), and plotting those sorted s(i) values against the participant's sorted rank. In the T F typology, a majority of participants identified as hump-shaped contributors (29 of 49) have strategies which are on average closer to one of the other three types' strategies, than to other hump-shaped contributors. Among those identified as others, 93 of 107 have strategies closer on average to one of the other three types than to the rest of those considered others. Many conditional cooperators likewise have negative indices.
We compare this with the silhouette plot for the types generated by typology T H . Uncondi- using sign-rank test).
The 5 types in T H is the number recommended by the Duda-Hart Je(2)/Je(1) rule. As rules for determining the number of clusters are heuristic, others are proposed in the literature. For example, the rule of Caliński and Harabasz (1974) produces only 4 clusters. The alternate four-cluster typologyT H (4) differs from T H in that it combines the clusters we label as unconditional cooperators and various. UsingT H (4) does not change significantly the conclusions outlined above. Common practice (Everitt et al., 2010) suggests that when different rules suggest different numbers of clusters, it is conservative to use the larger number of clusters. 7 We additionally note that the silhouette plot indicates that the unconditional cooperators represents a coherent and distinct behavioural pattern, as almost all participants classified in that type have a positive silhouette index.
[ Figure 3 about here.]
Our third criterion for constructing typologies is that a typology ideally should correlate with some data not used in its construction. In the P-experiment protocol, we also have the There is a significant difference in contributions between weak conditional cooperators and strong conditional cooperators (p = 0.088), but no significant differences between the strong conditional cooperators and various, nor between the various and unconditional cooperators (all other comparisons p < 0.011).
Summary
We propose hierarchical cluster analysis as a useful tool for identifying whether a model with a discrete number of behavioural types is an appropriate description of experimental data. In VCGs using the P-experiment protocol, we confirm that own-maximisers and strong conditional cooperators (matching the contributions of others one-to-one) emerge as the cores of clearly-distinguished behavioural groups. In part because cluster analysis considers both within-group similarity as well as across-group dissimilarity, weak conditional cooperation also emerges as a distinct mode of behaviour. This provides an independent justification for a similar distinction among types of conditional cooperator which has been proposed in several previous studies, including Chaudhuri and Paichayontvijit (2006) , Rustagi et al. (2010) , Cheung (2014) .
With the addition of the small group of unconditional cooperators, these four types comprise approximately 88% of all participants across the six studies; excluding Herrmann and Thöni (2009) this figure rises to 95%. Notwithstanding the noise inherent in choice data, most participants' behaviour is reasonably well-approximated by one of four stereotypical patterns of behaviour.
Although increasingly popular in analyses of "big" datasets, cluster analysis and similar techniques are at present rarely used with experimental data. Rong and Houser (2015b) use k-means clustering to explore the dataset from Rong and Houser (2015a) , in which participants make investment decisions in a network context. Because of the network, investment decisions have spillovers, their game also has a public-goods nature. They find three distinct types, and show that the proportions of those three types shift across treatments. The cluster analysis therefore provides lowerlevel evidence to underpin the treatment-level effects reported in the original paper.
Interesting experimental designs often generate unanticipated results, which call for the development of improved or new models. Unsupervised classification methods such as clustering are one option for a structured approach to informing that process. In the case of this paper, cluster analysis confirms the organisation of the rich, 21-dimensional decisions of the contribution strategy into a small number of behaviourally-distinct types, suggesting a small typology provides a parsimonious but faithful summary of behaviour. 
A Comparison of clustering methods
As a robustness check, we conduct the clustering using k-means instead of Ward's linkage. Figure 4 displays the heatmaps of the clusters, with the clusters arising from Ward's linkage on the left and k-means on the right. The two methods generate very similar clusters; we therefore identify the k-means clusters using the same labels as for the Ward's linkage clusters.
[ Figure 4 about here.]
[ Table 3 about here.]
[ Table 4 about here.] Table 3 compares the classifications using the two approaches. The entries on the diagonal count the number of participants classified in the "same" cluster by both approaches. The main difference is in drawing the boundary around the weak conditional cooperators: there is a group of participants labeled WCC by Ward's linkage who are considered OWN by k-means, and another group labeled SCC by Ward's linkage but WCC by k-means. Table 4 provides the percentages of types from each study as classified by k-means, which overall generates a somewhat larger group of own-maximisers relative to Ward's linkage. Table 5 shows the results from the T F and T H typology from three other studies that differ in some of the criteria from the studies selected for the main analysis:
B Other studies
• In Kocher et al. (2008) participants play the VCG in groups of three rather than four.
• In Frackenpohl et al. (2015) the contribution in the second stage is conditional only on the contribution of one other group member, instead of the average of other group members.
• In Burton-Chellew et al. (2016) participants play in a group with three computer players.
We conduct separate cluster analyses for each of the studies. In all three cases the Je(2)/Je(1) rule recommends four clusters.
[ Table 5 
